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SoybeanThis study examined the ability of near-infrared reﬂectance spectroscopy method (FT-NIRS) and multivariate
calibration to estimate the concentration of moisture, protein, lipid, ash and carbohydrate of Brazilian soybeans.
The spectra obtained in the range of 4000 to 10,000 cm−1 were preprocessed by several combinations of math-
ematical treatments: MSC (multiplicative scatter correction), SNV (standard normal variate) or ﬁrst and second
derivative and all data were mean centered before the calibration, for which was used the PLS method (partial
least squares). The best calibration models found in this study were the ones used to determine protein and
moisture contents (R2=0.81, RMSEP=1.61% and R2=0.80, RMSEC=1.55%, respectively). However, the tech-
nique shows high predictability for all parameters, including lipids, ashes and carbohydrates, with RMSECV of
0.40 to 2.30% and RMSEP of 0.38 to 3.71%. This result shows the viability of using NIR in controlling the quality
parameters of soybeans.
© 2012 Elsevier Ltd. Open access under the Elsevier OA license1. Introduction
The Fourier transform near-infrared spectroscopy (FT-NIRS) is a
non-destructive fast technique capable of analyzing organic substances
in a reliable way. Such analytical method has presented a great impact
in the food industry and agriculture. According to Williams' (2001)
work, a huge number of analytical methodologies based on near-
infrared spectroscopy have already demonstrated the ability of such
technique in dealing safely and quickly with so diverse problems as de-
termining proteins, moistures, carbohydrates and fat content in differ-
ent types of food.
The centesimal food content analysis aims to guarantee the product
quality, to follow ofﬁcial supervision and regulation committee require-
ments, as well as, to contribute to the consumer health. This chemical
analysis, which includes the determination of moisture, protein, ash,
fat and carbohydrate contents, traditionally has been performed by
laborious methods which are time demanding and generate much
chemical waste. However, the methods that use the FT-NIRS technique
provide precise and fast results, with minimal or null sample prepara-
tion andwaste generation, being able to be an alternative to such deter-
minations (Kandala, Sundaram, & Puppala, 2012; Salgó&Gergely, 2012;
Zhou, Yang, Huang, & Han, 2012).
Nevertheless, due to spectral features in the NIR region and in
order to simultaneously evaluate diverse parameters, multivariate
calibration methods must be used to obtain quantitative information.
Multivariate calibration methods are part of chemometrics, which+55 19 35212153.
e Elsevier OA licenseneeds a huge number of results from analytical trials for the develop-
ment of a mathematical model. Furthermore, once a model is built, it
has to be validated by a group of data that were not part of the cali-
bration (Agelet & Hurburgh, 2010; Jimaré Benito, Bosch Ojeda, &
Sanchez Rojas, 2008). Toward this Sun, Han, Yan, Yang, and Sato
(2008) estimated the fatty acid concentrations in one hundred and
eight Chinese soybean varieties.
The FT-NIRS technique and the multivariate calibration have al-
ready been used to determine some major contents in food, like
Haughey et al. (in press) who described the evaluation of melamine
content in soybean, Kuligowski, Carrión, Quintás, Garrigues, and de
la Guardia (2012) who evaluated the NIR method for the determina-
tion of polymerized triacylglyceride in vegetable oils and Szigedi,
Lénárt, Dernovics, Turza, and Fodor (2011) who determined protein
in different vegetables. Zhu et al. (2011) also measured soybean
seeds, nevertheless by near-infrared hyperspectral imaging system,
for the determination of protein and fat contents of samples.
The wide range of results of the developed models demonstrates
that with only one spectroscopic technique, the FT-NIRS, it is possible
to simultaneously analyze many parameters: moisture, protein, ash,
lipid and carbohydrate. Munck et al. (2010) analyzed starch, protein
and lipid contents of barley varieties by NIR only, while an application
of NMR, FT-Raman, FT-IR and NIR was necessary for Holse, Larsen,
Hansen, and Engelsen (2011) in order to characterize carbohydrates,
proteins, dietetic ﬁbers and unsaturated fatty acids in leguminous
plants from Africa.
Brazil is the second country in the world with the largest produc-
tion of soybean (CONAB, 2012), being it a very important food in
Brazil and an inexpensive source of oil and protein. According to the
Table 1
Descriptive statistics of the soybean chemical parameters used in the calibration.
Parameter Calibration Validation SE±
Min. (%) Max. (%) Mean (%) SD± No. Min. (%) Max. (%) Mean (%) SD± No.
Moisture 8.16 18.10 13.70 2.14 70 10.40 16.566 13.61 1.60 30 0.086
Ashes 4.32 6.14 5.11 0.36 70 4.44 5.69 5.04 0.32 30 0.069
Lipids 12.55 26.96 21.91 2.20 70 12.93 24.27 21.61 1.94 30 0.162
Proteins 31.52 43.48 38.91 2.34 70 34.12 43.46 39.32 2.29 30 0.274
Carbohydrates 13.34 26.96 20.51 3.06 69 14.04 27.50 20.02 3.12 29 –
Min. — minimum, max. — maximum, SD — standard deviation, SE — standard error of analysis, no. — number of samples.
Fig. 1. NIR spectra of the soybean samples obtained in the range of 10,000 to 4000 cm−1.
54 D.S. Ferreira et al. / Food Research International 51 (2013) 53–58data of the Brazilian Agricultural Research Corporation (EMBRAPA,
2012), many varieties are produced and the evaluation of the quality
of the beans depends on the centesimal content. Hence the aim of this
work is to offer a fast and efﬁcient method to predict the chemical
characteristics of soybean with the application of FT-NIRS and multi-
variate calibration to several Brazilian varieties.2. Materials and methods
2.1. Samples
A total of 100 soybean [Glycine max (L.) Merril] varieties from the
south and central parts of Brazil were donated by EMBRAPA Soybean.
The landmark analyses were taken between 2009 and 2010.2.2. Sample preparation
The 250 g received for each bean was crushed in a grinding mill
(A11 model, IKA, Germany) and the soil gradation was standardized
to 0.6 mm in a 28 mesh strainer. While a small portion (about 1 g) of
such sample was immediately analyzed by near-infrared spectroscopyTable 2
Wavenumber region and treatments used in calibration and validation.
Parameter Wavenumber
region
Derivative
treatmenta
Scatter
correction
No of
outliersb
Moisture 10,000–3500 X, 11, 2, 1
Ashes 10,000–4900 X, 51, 3, 2
Lipids 10,000–4000 SNV
Proteins 7500–4900 X, 51, 3, 2
Carbohydrates 7500–4500 X, 15, 2, 1 2
a Savitzky–Golay employs the terms (y, width, order, deriv): y, the matrix of row vec-
tors to be smoothed; width, number of points in the ﬁlter; order, order of the polynomial;
and derv, derivative.
b Number of samples eliminated as outliers during calibration.by diffuse reﬂectance, another portion was used in chemical analyses
by standard methods.
2.3. Landmark analysis
The total contents of moisture, protein and ash were determined by
925.09, 979.09, and 923.03 reference methods, respectively, as described
by AOAC (2006). The total lipid content was determined by Bligh and
Dyer (1959) and the total carbohydrate content was calculated by the
formula (% carbohydrate=100−% moisture−% lipid−% protein−%
ash). All the analyses were carried out in triplicate and right after the
grinding in order to avoid any sort of alteration with the environment.
2.4. Near-infrared analysis
The grinded beans were directly analyzed by diffuse reﬂectance,
using a NIR infrared reﬂectance accessory—NIRA (Perkin Elmer, United
States), and a Spectrum 100N equipment (Perkin Elmer, United States),
with a source of quartz halogen bulb. The software used for NIRA is
Spectrum — V. 6.3.1.0132 (Perkin Elmer), the region measured is be-
tween 10,000 and 4000 cm−1 with 4 cm−1 of resolution and 64 scans
and the analysis was run in duplicate.Table 3
Chemometrics results of PLS models by FT-NIRS of the evaluated parameters of
soybeans.
Parameters LV R2 RMSEC (%) RMSECV (%) RMSEP (%) Bias RPD
Moisture 5 0.80 0.28 2.30 1.55 −0.049 1.38
Ash 5 0.63 0.07 0.40 0.38 −0.080 0.95
Lipids 6 0.71 1.13 1.51 1.20 −0.023 1.83
Proteins 6 0.81 0.58 1.14 1.61 −0.020 1.45
Carbohydrates 8 0.50 1.11 1.62 3.71 −0.196 0.83
LV — latent variables, R2 — correlation coefﬁcient, RMSEC, RMSEP, RMSECV — root
mean square error of the calibration, prediction and cross-validation, respectively,
bias — systematic calibration error (the mean difference between the concentration
predicted by NIR and the reference data), RPD (residual predictive deviation=standard
deviation of the reference data/root mean square error of the prediction).
Fig. 2. Plot of the predicted values by NIR against the values measured by standard methods for moisture content.
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2.5.1. Data modeling
The multivariate calibration model was carried out by partial least
squares (PLS). The NIR spectra were treated by the PLS Toolbox v. 5.8
(Eigenvector Research Inc., United States) program developed for
Matlab 7.8 (MathWorks, United States).
2.5.2. Sample choice for calibration and prediction
From the total of 100 soybean samples, 70 were used for the con-
struction of the calibration model and 30 were used for the external
validation (prediction set). The sample choice for the calibration
and prediction was carried out by the Kennard–Stone algorithm
(Kennard & Stone, 1969). After deﬁning the number of samples to cal-
ibrate, this algorithm initiates the selection of two spectra: the closest
one to the central area and the other with the longer Euclidian dis-
tance in relation to the ﬁrst. Afterward, the other chosen sample is
the one with the longest distance in relation to this last one and
thus successively until the chosen number of samples to calibrate is
reached. The rest of the samples are the prediction set. Finally, the
quality of the model was measured by determining the concentration
of each one of the 30 samples.
2.5.3. Pretreatment of spectra
The spectra in the infrared region usually present problems of base-
line due to light scattering from the non-homogeneity of the matrix
particle distribution (Bjorsvik & Martens, 2007). In order to minimize
the effect of the change in the baseline, the spectra were preprocessed
by the combination of many mathematical treatments: MSC (multipli-
cative scatter correction) (Geladi, MacDougall, & Martens, 1985), SNV
(standard normal variate transformation) (Barnes, Dhanoa, & Lister,
1989) or ﬁrst and second derivative using the Savitzky–Golay meth-
od (Brown, Vega-Montoto, & Wentzell, 2000), and all spectra data
were mean centered before calibration. The number of PLS factors
was determined by cross-validation (leave-one-out) procedure
(Geladi & Kowalski, 1986).Fig. 3. Plot of the predicted values by NIR against the val2.5.4. Model evaluation
The performance of the ﬁnal PLS model was evaluated according
to: root mean square error calibration (RMSEC), root mean square
error of cross-validation (RMSECV), root mean square error of pre-
diction (RMSEP), coefﬁcient of correlation (R2) of the plot between
the predicted values by FT-NIRS and the reference values, and bias
(Eq. (1)), which consists of the difference between the mean value
predicted by FT-NIRS and the mean value of the reference model
and residual predictive deviation (RPD) (Williams, 2001; Williams
& Sobering, 1995; Windham, Mertens, & Barton, 1989). High results
of R2 and low RMSE indicate the best model to predict the chemical
content.
bias≡ 1
n
Xn
i¼1
xi−yið Þ ð1Þ
where n is the number of samples of the calibration, xi is the result
obtained by FT-NIRS and yi is the result obtained by the reference
method of the sample i.
In order to evaluate the RMSECV, a spectrum of a sample is removed
from the calibration set and the PLS model is constructed with the
remaining spectra. The removed sample was predicted with such model
and the process was repeated with the removal of each sample. The
RMSECV was then calculated as Eq. (2).
While the number of the PLS factors included in the model was
chosen according to the lowest value of RMSECV, the RMSEP, which
expresses the degree of accordance between the estimated values
by a model previously constructed and the value considered real or
of reference, was also calculated as in Eq. (2).
RMSEC, which provides information about the adjustment of the
model to the calibration data, is calculated according to Eq. (2).
RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃXn
i¼1
xi−yið Þ2
n
vuuut
ð2Þues measured by standard methods for ash content.
Fig. 4. Plot of the predicted values by NIR against the values measured by standard methods for lipid content.
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set), yi is the result of the reference to the sample i and xi is the esti-
mated result by the NIR model.
Furthermore, the RPD represents the division between the refer-
ence data standard deviation and the mean error of the prediction
(Williams & Sobering, 1995).
RPD ¼ DP
RMSEP
ð3Þ
The coefﬁcient of correlation between the predicted value by NIR
and the reference value was calculated for the prediction sets.
The outliers were identiﬁed and removed when necessary by
Qresidual×T2 graphics and by leverage. Hotelling's T2 means the square
of the distance of the sample from the model mean that can be
explained by normal variations within the group. The Q residuals
mean the distance of the sample from the model that can be explained
by random error (Naes, Isaksson, Fearn, & Davies, 2002).
3. Results and discussion
3.1. Composition analysis in soybean
The results obtained in the reference analysis of the moisture, pro-
tein, ash and carbohydrate contents of the samples that are used to
predict and validate the model are presented in Table 1. By analyzing
the values of the mean and standard deviation, the huge variability
among the samples, especially considering lipid, protein and carbohy-
drate contents, is observed.
The variability of the results, represented as standard deviation, is
placed in the prediction errors and the cross-validated results.
3.2. Development of calibration models and validation
In Fig. 1 all the spectra are presented, without any pretreatment, in
the region of the near-infrared, obtained from the 100 soybean samples,
in the range of 10,000 to 4000 cm−1.Fig. 5. Plot of the predicted values by NIR against the valueAmong the pretreatments applied before calibration, a procedure
that presented a good performance in the elimination of the multipli-
cative light scattering effect was the ﬁrst derivative. Furthermore,
such data were mean centered in order to reduce the matrix effects
from the samples on the model.
Table 2 shows the wavenumber regions and ﬁnal pretreatments
used for each model. Examination of the loading vector indicated
which bands of the spectrum were associated with the relevant
chemical information (Haaland & Thomas, 1988).
The results used to evaluate the efﬁciency of predicting moisture,
lipid, protein, ash and carbohydrate contents of the Brazilian soybean
samples are presented in Table 3. The best models to predict the soy-
bean chemical composition were chosen based on the lowest results
of RMSECV and the highest results of R2 (Windham et al., 1989).
All the models presented good correlation between the reference
values and the NIR predicted ones. All the regression errors were
low, demonstrating the capacity to predict the soybean chemical
characteristics by FT-NIRS. Considering the expectations, the errors
of the group of prediction (RMSEP) were higher than the errors of
the calibration group (RMSEC).
Low calibration and prediction errors of the moisture and ash con-
tents (RMSEC 0.28 and 0.07%, RMSEP 1.55 and 0.28%, respectively)
were obtained due to the few variables to describe the models (5 LV
for each one). However, the correlation coefﬁcient was better for
the moisture content when compared to the ash content (R2 0.80
and 0.63) due to the difﬁculty in predicting the compound present
in the lower content and inorganic substance.
The wide dispersion of the results for the carbohydrate content in
the reference analysis (Table 1, DP=3.07) had as a consequence a
lower correlation (Table 2, R2=0.50) between the reference value
and the predicted one by the model, indicating a lower accuracy to
the prediction of such result, even higher than the latent variable
numbers (Table 2, 8 LV). This behavior can be explained by the difﬁ-
culty to obtain a model capable of appropriately describing the value
range to the carbohydrate content in the matrix.
The calibration model obtained in this study presented high R2
(0.81) and low prediction error (RMSEP=1.61%) for the proteins measured by standard methods for protein content.
Fig. 6. Plot of the predicted values by NIR against the values measured by standard methods for carbohydrate content.
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ences that evaluated proteins of vegetables and soybeans (Kovalenko,
Rippke, & Hurburgh, 2006; Szigedi et al., 2011).
The prediction errors (RMSEP) and bias obtained in this study
were low and presented the same value of the results presented in
the study of bread samples by Sorensen (2009), who also obtained a
higher RMSEP for carbohydrate content in relation to other errors.
According to Williams (2001) a value of RPD>2.4 is desirable to
an appropriate model, while Williams and Sobering (1995) indicate
that the value of 3 or more is the recommended value. This result de-
pends on the errors of the prediction (RMSEP) which must be lower
than the standard deviation of the data group. Therefore, the result
of the RPD used to determine lipid content (RPD 1.83) was better,
once the other results were low (RPD from 0.83 to 1.45), especially
for the carbohydrate content which presented higher RMSEP than
the standard deviation (RMSEP=3.71%, DP=3.08). However, evalu-
ating only RPD does not determine the predictable capacity of the
models, since the other RMSEPs were low when compared to the
DP, indicating low prediction errors. Thus, a wide range of results
was chosen in the group in order to evaluate the predictable ability
of FT-NIRS.
The mean difference between the values predicted by the model
and the reference values (bias) were not representative, the other
parameters being higher for carbohydrates only (bias=−0.196).
Despite such good result, the proximity between the reference values
and the ones predicted by the model was only noted due to the anal-
ysis in the group with the other results of the model.
The ability of the PLS models to predict soybean chemical contents
was also evaluated by the plot that relates the value measured by the
reference method and the one predicted by FT-NIRS, presented in
Figs. 2 to 6.Fig. 7. Absolute errors: evaluated parameters measured minuIn all the ﬁgures the curve of the predicted values versus the real
ones in the 30 samples of the predictable group presents an appropri-
ate adjustment to the model. It is noted that the inclination of the line
is close to 1 and the intercept is next to zero, two parameters that
prove the absence of systematic errors.
It is observed that the parameters presented an appropriate rela-
tion between the evaluated and the predicted values, the models
being closer to the real ones, conﬁrming once the best results for
moisture and protein contents (Figs. 2 and 5 — R2 of 0.80 and 0.81,
respectively).
In the next ﬁgure, the absolute errors from the predictions
obtained by the models of moisture, ash, lipid, protein and carbohy-
drate contents of the 30 samples of the prediction set (Fig. 7) are
presented.
Considering that the value of the bias is not enough to emphasize
the difference between the mean values obtained by the conventional
methods and the predicted values obtained by FT-NIRS technique, the
absolute error demonstrated uniformity for all the parameters with
the exception of the carbohydrate values, which presented higher dif-
ferences, and the lipid content, which despite the lower unities, the
values estimated by the model were higher than the content obtained
by the reference method (Fig. 7). Nevertheless, low values to bias and
RMSEP suggest that the lipid content can be predicted by NIR, but not
so accurately as the other parameters.
4. Conclusion
This study demonstrated that it is possible to predict the param-
eters of the quality of moisture, ashes, proteins, lipids and carbohy-
drates in soybeans by associating near-infrared spectroscopy with
multivariate calibration.s the predicted values of the soybean validation group.
58 D.S. Ferreira et al. / Food Research International 51 (2013) 53–58It can be concluded that despite the existence of a wide range of
studies on the FT-NIRS technique, the methodology proposed in this
work to develop a NIR model for a grain, controlling the quality of
the soybean, has a high potential for implanting and developing cali-
bration models in industries. The offer of the technique to inspection
organs can be a solution for a faster and more efﬁcient control of the
quality of a wide range of food in Brazil, enabling the replacement of
laborious methods.Acknowledgments
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